A very low 5-year survival rate among hepatocellular carcinoma (HCC) patients is mainly due to lack of early stage diagnosis, distant metastasis and high risk of postoperative recurrence. Hence ascertaining novel biomarkers for early diagnosis and patient specific therapeutics is crucial and urgent. Here, we have performed a comprehensive analysis of the expression data of 423 HCC patients (373 tumors and 50 controls) downloaded from The Cancer Genome Atlas (TCGA) followed by pathway enrichment by gene ontology annotations, subtype classification and overall survival analysis. The differential gene expression analysis using non-parametric Wilcoxon test revealed a total of 479 up-regulated and 91 down-regulated genes in HCC compared to controls. The list of top differentially expressed genes mainly consists of tumor/cancer associated genes, such as AFP, THBS4, LCN2, GPC3, NUF2, etc. The genes over-expressed in HCC were mainly associated with cell cycle pathways. In total, 59 kinases associated genes were found overexpressed in HCC, including TTK, MELK, BUB1, NEK2, BUB1B, AURKB, PLK1, CDK1, PKMYT1, PBK, etc. Overall four distinct HCC subtypes were predicted using consensus clustering method. Each subtype was unique in terms of gene expression, pathway enrichment and median survival. Conclusively, this study has exposed a number of interesting genes which can be exploited in future as potential markers of HCC, diagnostic as well as prognostic and subtype classification may guide for improved and specific therapy.
Introduction
One of the most common cancers worldwide, hepatocellular carcinoma (HCC) is the most frequently and recurrently occurring primary liver tumor. HCC is responsible for 500,000 deaths annually, mostly shared among Asian and African countries; however, the incidence rate is also continuously increasing across all the continents (1) (2) (3) . Early stage diagnosis of HCC is an insurmountable task due to lack of any specific symptoms. As a result most of the patients are diagnosed at very late stage, a cause of comparatively lower 5-year survival rate (~10%) (2, 4, 5) . Patients with advanced stage HCC are likely to have higher chances of distant metastasis (6) , which adversely affects survival of a patient. The surgical resection and liver transplantation are the main resorts for treating HCC patients, but the prognosis is still very difficult due to lack of early stage diagnosis, distant metastasis and high risk of postoperative recurrence. All these issues highlight a need to discover novel and potential molecular biomarkers that can help in early stage diagnosis and also can be targeted to tailor the specialized treatment for the high-risk patients.
Recent technological advances and method automation of RNA-sequencing have enabled the scientific community to analyze the whole transcriptome comprehensively, that too in large number of patients and comparatively in very short span of time. The Cancer Genome Atlas (TCGA) (http:// cancergenome.nih.gov), a collaborative unit of two National Institutes of Health (NIH) centers -National Cancer Institute and the National Human Genome Research Institute, is an enriched database of enormous amount of cancer genomics data for more than 30 different types of cancers, including HCC. Researchers worldwide routinely explore TCGA expression data (cancer vs. control) to gain crucial information to reveal plausible candidate molecular markers for better diagnostics, separation of cancer subtypes and alternative therapeutic options.
Here, we have investigated the gene expression data of HCC solid tumors vs. controls to unravel the list of the differentially expressed genes, followed by pathway analysis. The top twenty differentially expressed genes were correlated with overall survival and disease-free survival to estimate the prognostic impact of testing in HCC. In addition, we have performed analysis of dysregulated kinases, determination of possible HCC subtypes and their overall characterization based on median survival, gene expression and biological pathway analysis associated with differentially expressed genes assigned to each subtype.
Materials and methods

Retrieval of patients' data
Level 3 gene expression matrices of 423 HCC patients were retrieved from TCGA data portal (The Cancer Genome Atlas Liver Hepatocellular Carcinoma (TCGA-LIHC) data; https:// cancergenome.nih.gov/). Out of 423 samples, 373 were solid tumor tissue samples (HCC) and 50 were the adjacent nontumor tissue samples (controls). The transcriptomics expression data were prepared using reads obtained from the Illumina HiSeq 2000 sequencing machine (Illumina, Inc., San Diego, CA) and expression matrix of 20,498 genes for all 423 samples was already quantile normalized using RSEM (7) .
Bioinformatics analysis
Combined gene expression data of 423 samples (HCC and controls) was preprocessed. Genes with more than 50% missing data were excluded and genes with expression >5 in more than 80% of the samples were used for further analysis. Differential gene expression analysis in HCC samples compared to controls was performed for 13,571 genes by calculating log2foldchange and non-parametric Wilcoxon test (8). To account for multiple testing, adjusted p-value was estimated using the Benjamin-Hochberg method (9) . Transcripts having absolute log2foldchange values ≥2 (for up-regulation) and <-2 (for downregulation) were considered as significantly differentially expressed. Aberrant expressed kinases were separately filtered out based on absolute |log2foldchange| > 1. Hierarchical clustering of 25 most variable kinase genes in overall 423 hepatocellular carcinoma samples (tumors and controls) was done using Bioconductor R package pvclust (method.dist = "correlation", method.hclust = "complete", nboot = 1000). Pvclust is used to assess an uncertainty in hierarchical cluster analysis. Pvclust provides two types of p-values: AU (Approximately Unbiased) and BP (Bootstrap Probability). AU p-value is computed by multiscale bootstrap resampling and is considered a better approximation of unbiased p-value than BP p-value which is computed by normal bootstrap resampling.
Enrichment analysis and gene-gene interaction
Gene ontology of differentially expressed genes (up-and downregulated) was performed using Database for Annotation, Visualization and Integrated Discovery (DAVID) gene enrichment tool (10) . Reactome pathway database was used to report statistically enriched biological pathways in case of differentially expressed genes (11) . The STRING: functional protein association networks database version 10.5 (12) was used to detect interaction networks between gene products of differentially expressed genes, first with default settings (active interaction sources: text mining, experiment, database, coexpression, neighborhood, gene fusion and co-occurrence; and minimum required interaction score: medium confidence, 0.4) and then with following settings: active interaction source: experiment; and minimum required interaction score: high confidence, 0.7. The disconnected nodes were removed from the network.
Classifiers for HCC
New expression matrix of 570 differentially expressed genes for 423 samples (HCC and controls) was created for preparing the list of top predictors. Oversampling of minority samples in new expression matrix was performed using SMOTE (13) . The gene selection was performed by randomly splitting oversampled new expression matrix into n number of learning sets (nfolds) for x number of iterations (14) . In this way, gene selection procedure was repeated n*x times to get the final list of the predictor genes (<=30) using Random Forest Variable Importance Measure (15) . Final list of most important genes was utilized for training the classifiers to estimate classification error rate and/or prediction of classes (i.e., HCC and normal) on uncategorized quantile normalized and log transformed expression data using learning sets generated earlier.
Subtype prediction
To predict HCC subtypes associated with TCGA-LIHC data, genes were filtered out based on the coefficient of variance. Overall, 2714 most variable genes were sorted out for predicting the subtypes. Unsupervised hierarchal clustering was done on these genes across all the 373 HCC tumor samples using Bioconductor R based package ConsensusClusterPlus (16) . The following command was used:
ConsensusClusterPlus(data,maxK = 8,reps = 2000,pItem = 0.8,pFeature = 1,innerLinkage = "ward.D2, finalLinkage = "ward.D2",title = "LIHC_subtype",distance = "pearson", clusterAlg= "hc",seed =1262118388.71279,plot="png",writeTable =TRUE)
Final cluster attained the consensus after 2000 reiterations. The number of clusters that represent the HCC expression data most significantly was selected by silhouette method of k-Means clustering (17) . This method is used to calculate the separation distance between the resulting clusters and to estimate how close each point in one of the clusters is to points in the neighboring clusters. Silhouette coefficient values are in the range of [−1, 1]. Silhouette coefficients close to +1 indicate that the sample is far away from the neighboring clusters, 0 indicates that the sample is on or very close to the decision boundary between two neighboring clusters and negative values indicate that samples might have been assigned to the wrong cluster. Silhouette coefficients were estimated using Bioconductor R based package Cluster (18) . HCC samples with positive silhouette coefficient values were selected for further analysis. Top differentially expressed genes were obtained for each k = 1 to n subtypes by employing sam function from Bioconductor package siggenes (19) using the following code-sam (data1, temp, gene.names = rownames (data1), rand = 123456).
To further distinguish each HCC subtype, associated biological pathways were analyzed for each subtype using Reactome pathway database.
Survival analysis
Median overall survival and progression-free survival (in months) were computed for a set of genes in HCC samples in which at least one of the query genes was differentially expressed vs. HCC samples in which none of the query genes was differentially expressed. A Kaplan-Meier (KM) curve with p-values from a log rank test was used for presenting the results of survival analysis (20) . Overall median KM based survival analysis of selected HCC subtypes was performed using HCC clinical data retrieved from TCGA using the coxph model (21) .
Results and discussion
TCGA is a cancer genomic database containing data sets for over 30 malignancies. The availability of rich data source enables cancer researchers to explore clinically relevant information for comprehensive understanding of biological mechanisms/pathways underlying different types of cancers. Early diagnosis of HCC is very rare due to lack of specific symptoms, while diagnosis of advanced stage HCC is hindered due to high tumor heterogeneity. Almost non-existence of precise diagnostic tools and the urge for early-stage diagnosis incited us to explore publicly available TCGA genomic data in quest of HCC biomarkers.
Gene expression analysis
We processed mRNA gene expression data from 423 samples (HCC tumor samples = 373; controls = 50) downloaded from TCGA. Principal component analysis (PCA) of strongly expressed genes showed an almost complete separation of tumor and control cohorts ( Figure 1 ). A substantial variability was observed among the HCC tumor samples indicating the presence of tumor heterogeneity ( Figures 2 and 3 ). Differential gene expression analysis revealed a large number of differentially expressed genes (n = 570) in tumor samples compared with controls. In HCC, 479 genes were up-regulated while 91 genes were down -regulated (Supplementary file 1).
Top 20 differentially expressed genes are listed in Table 1 . Surprisingly, all top 20 differentially expressed genes were overexpressed in HCC. Out of these, one gene (NCRNA00176) was a non-protein coding RNA 176 located at Chromosome 20. The list of top 20 genes includes some of the important tumor/cancer associated genes such as AFP, THBS4, LCN2, GPC3, NUF2, etc. Overall survival analysis of top 20 differentially expressed genes indicated significant improvement in survival duration and disease-free survival of patients if none of these 20 genes was altered (Figures 4 and 5 ).
AFP encodes for alpha-fetoprotein, a major plasma protein produced by the liver and yolk sac during fetal development and a well-known biomarker for HCC evaluation. Serum AFP protein usually increases up to a concentration of approx. 3 g/L during 12-16 weeks, then rapidly decreases to traces and its abnormally high concentration in serum is correlated with the development of several malignant diseases, most notably HCC (22) . THBS4 encodes for thrombospondin 4 protein, a secreted multidomain glycoprotein of the extracellular matrix. It is considered as the most potent marker for diffuse-type gastric adenocarcinoma with higher expression at both mRNA and protein levels (23) . As shown by immune-histochemical colocalization studies, cancer-associated fibroblasts (CAFs) of the myofibroblast phenotype are the main sources of secretion of this gene (23) .
LCN2 encodes for a protein lipocalin 2. This protein has been reported to be over-expressed in HCC tissue samples in a few of previous studies and its higher expression was correlated with overall shorter survival in HCC patients (24) . Thus, it was proposed as a promising diagnostic protein marker for HCC progression. GPC3 encodes for glypican 3 protein, a cell-surface oncofetal heparan sulfate proteoglycan. Its over-expression in HCC compared to controls has been associated with poor prognosis in HCC patients. Recently GPC3 was reported to be involved in HCC progression (25) . Immunotherapeutic potential of GPC3 in HCC treatment is under investigation and one of the recent studies has demonstrated significant regression of tumor xenografts in two of the human liver cancer cell lines, Hep3B and HepG2, treated with anti-GPC3 immunotoxin (25) . NUF2 gene encodes for Kinetochore protein Nuf2, a component of a conserved protein complex NDC80 associated with the centromere. It is also known as cell division cycle-associated protein 1. In mitosis, Nuf2, as well as other NDC80 complex components (primarily NDC80, CDCA1, SPBC24 and SPBC25), takes part in kinetochore-microtubule attachment (26) and is considered as a tumor-associated antigen valuable for both cancer diagnosis and immunotherapy (27) . It was strongly correlated with 5 kinase genes-NEK2, CDK1, TTK, MELK and PLK1 (>0.9 Spearman correlation between NUF2 and these kinases). NUF2 gene was found altered in 70 of 373 HCC tumor samples. It was significantly associated (p-value: 1.012e-4) with overall median survival. Average survival in HCC patients with altered NUF2 gene was 21.68 months in comparison to 69.51 months in HCC patients with non-altered gene. NUF2 knockdown studies have shown blocked cell proliferation and stimulated apoptosis in HCC, colorectal and gastric cancers (28) . Also, a very recently proposed multivariate logistic regression model stated that joint expression patterns of CEP55, NUF2, PBK and TTK could differentiate between metastatic and localized prostate cancer (29) .
The top three down-regulated genes found in HCC were FCN3, HAMP and OIT3 that encode for proteins ficolin 3, Table 1 ).
Figure 5
Kaplan-Meier curves of disease-free survival for total hepatocellular carcinoma patient population (N = 373) using top 20 differentially expressed genes (as listed in Table 1 ).
hepcidin antimicrobial peptide and oncoprotein induced transcript 3 respectively. FCN3 (30) , HAMP (31, 32) and OIT3 have also been previously reported as less expressed or repressed in HCC (33) . Also, a kinase gene PCK1 that encodes for phosphoenolpyruvate carboxykinase 1 was found downregulated. PCK1 participates in gluconeogenesis and has been previously reported as down-regulated in tumor samples (33) .
Pathway enrichment
Pathway enrichment analysis of differentially expressed genes was performed to reveal biological pathways dominant in HCC (Supplementary files 2 and 3). In the case of up-regulated genes in HCC, cell cycle associated pathways were enriched dominantly ( Table 2) . One of the interesting and distinctive pathways was "Polo-like kinase mediated events" that was related to upregulation of a mitotic kinase, Polo-like kinase-1 (PLK1). It is well known that PLK1 helps in tumor growth via negative regulation of p53 functioning. It has recently been shown to participate in induction of TLR2-and TLR4-induced inflammation by stimulating MDM2 gene activity through its phosphorylation and G2/M transition (34, 35) . Targeting p53 through PLK1 has been shown as an attractive chemotherapy strategy in adrenocortical cancer (36) and an inhibitor of PLK1. Volasertib is currently in clinical trials for treatment of acute myeloid leukemia (AML) (https:// clinicaltrials.gov/ct2/show/NCT01721876). Volasertib blocks PLK1 activity, thus causing termination of cell cycle via G2/M cell cycle
Figure 6
Interaction network of up-regulated genes in hepatocellular carcinoma, generated by STRING database using the following parameters: source -experiment and interaction score ≥0.7.
arrest followed by programmed cell death in leukemia cells (37) . In case of down-regulated genes, a total of 35 Reactome pathway terms were enriched. Noticeably, metallothioneins bind metals pathway was the most enriched term and associated downregulated genes were MT2A, MT1M, MT1F, MT1G, MT1X and MT1E. Several studies in the past have reported downregulation of these genes and suggested them as plausible prognostic markers of HCC (38) (39) (40) (41) (42) .
For network analysis of differentially expressed genes, STRING database was used. The interaction networks of downregulated and up-regulated genes in HCC, created using default settings as described in Materials and Methods section, are shown in Supplementary Figures S1 and S2 respectively. The network analysis reveals a strong association between upregulated genes in comparison to down-regulated genes. CXCL12, CYP2B6, FOS, IGF1, MT1G, NR4A1 and SOCS3 genes form the major nodes of interaction network of downregulated genes. No interaction was observed between down-regulated genes under more stringent settings (source: experiment and interaction score ≥0.7). Interaction network of up-regulated genes with these settings is shown in Figure 6 . Interestingly, the major nodes of the network primarily include genes associated with cell cycle regulation and specifically with assembly of different regulatory components of cell cycle, such as ORC1, CDK1, CDC20, BUB1 and ZWINT. ORC1 is one of the components of origin recognition complex, which binds to origin of replication and is essential for assembly of pre-replication complex to start DNA replication (43) . CDK1 or cyclin dependent kinase 1 is known to play a crucial role in controlling eukaryotic cell cycle through regulation of G2-M and G1-S transitions and G1 progress. Recently, it has been suggested as a potential prognostic biomarker of HCC (44) . The mitotic spindle assembly checkpoint function is controlled by many genes, including CDC20 and BUB1 (45) . In several human cancers, CDC20 protein is found overexpressed and has been associated with poor prognosis in cancers of pancreas, lung, bladder and colon (46) . BUB1 is a serine/threonine-protein kinase, which is essential for the assembly of checkpoint proteins at the kinetochore and proper chromosome alignment during mitosis. A recent study has reported that ZWINT is required for kinetochore formation and spindle assembly checkpoint function (47) .
Over-expressed kinases
Overall 59 kinase genes were over-expressed in HCC compared to controls, out of which 23 genes exhibited log2 fold value more than 2 (Supplementary file 4). STRING database based protein-protein interaction network of significantly overexpressed (log2 fold ≥ 2) kinases in HCC is presented in Supplementary Figure S3 . The top 10 kinases associated genes over-expressed in HCC included TTK, MELK, BUB1, NEK2, BUB1B, AURKB, PLK1, CDK1, PKMYT1, and PBK (p < 0.05) (Table 3) . TTK, which participates in the regulation of the DNA damage checkpoint, was previously reported as over-expressed in HCC (48, 49) . A series of in vitro and in vivo functional experiments linked TTK over-expression with resistance to sorafenib in HCC cells (48) . MELK that encodes for Maternal Embryonic Leucine Zipper Kinase was found highly overexpressed in HCC and correlated with early recurrence and poor survival of patients (50) . Role of MELK in HCC was found in same line with the cell cycle-and mitosis-related genes as it binds and triggers transcription factors c-JUN and FOXM1. MELK was proposed as an oncogenic kinase that participates in the pathogenesis and recurrence of HCC and as a potential molecular target for treating advanced HCC cases (50). The hierarchical clustering of the 25 most variable kinase genes based on pvclust (R package) identified two most significant clusters (Figure 7 ). The first cluster consisted of only two genes, MAPK11 and MAPK12, while the second one had six: BUB1, CDK1, CHEK1, MELK, NEK2 and PLK1. Based on this, we believe that targeting these two clusters would be valuable option for novel cancer therapy. Reactome pathway analysis revealed that major pathways that enriched among kinase genes over-expressed in HCC included cell cycle, p38MAPK events, AURKA activation by TPX2 and mitotic cell cycle. An important pathway associated with kinase gene SRC CTLA4 inhibitory signaling was found up-regulated. CTLA-4 was proposed to restrict T-cell proliferation, as an early immune response, by blocking both IL-2 production and cell cycle progression (51) . It is known that regulatory T cells support activation of CTLA-4 to maintain immune tolerance and an inhibitor of CTLA-4, ipilimumab, has recently acquired FDA approval for the treatment of advanced or unresectable melanomas (52) . In addition, six other immune-related pathways were also found significantly enriched (p < 0.05), viz. myd88-independent TLR3/TLR4 cascade, TRIF-mediated TLR3/TLR4 signaling, toll like receptor 3 (TLR3) cascade, activated TLR4 signaling, toll like receptor 4 (TLR4) cascade and MAP kinase activation in TLR cascade. MAPK11, IRAK1 and IKBKE genes were associated with any of these six significant immune-related pathways. MAPK11 encodes for mitogen-activated protein kinase 11, a protein which is involved in the integration of biochemical signals for various cellular processes, specifically cell proliferation and transcriptional regulation. It plays a crucial role in the cascades of cellular responses evoked by inflammatory cytokines or physical stress which lead to direct activation of transcription factors. IRAK1 gene encodes for interleukin-1 receptorassociated kinase 1. It regulates expression of several inflammatory genes in immune cells, generating signals for elimination of viruses, bacteria and cancer cells (53) . Pharmacologic inhibition of IRAK1 plays a vital role in the treatment of myelodysplastic syndromes and acute lymphoblastic leukemia (54) . When cultured IKBKE-driven breast cancer cells were treated with CYT387 (a potent inhibitor of TBK1/IKBKE and JAK signaling), a significant reduction in cell proliferation was observed (55, 56) . IKBKE along with TBK1 plays a central
Figure 7
Hierarchical clustering of 25 most variable kinase genes in overall 423 hepatocellular carcinoma samples (tumors and controls). AU and BP p-values are shown in red and green colors respectively. Clusters with AU larger than 95% are highlighted by red thin rectangle lines, which are strongly supported by gene expression data of 25 most variable kinase genes. Two significant clusters passed this criterion: the cluster on the right side consists of MAPK11 and MAPK12; and the cluster on the left side consists of BUB1, CDK1, CHEK1, MELK, NEK2 and PLK1. Numbers of genes shown in the figure are those with log2 fold change >1. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) role in synchronizing the activation of transcription factors, including interferon regulatory factor 3 (IRF3) and NF-kappaB in the innate immune response (57) . TLR4 is well associated with cancer in many ways and its increased expression has been shown in various cancer cell lines and tissue samples derived from patients with head and neck, esophageal, gastric, colorectal, liver, pancreatic, skin, breast, ovarian and cervical cancers (58) . TLR4 expression has been reported significantly elevated in HCC (59, 60) . LPS induced TLR4 signaling is involved in the invasion and metastasis of HCC and activates NF-κB (61) . MyD88-independent pathway, a pathway accountable for anti-viral responses, facilitates induction of the anti-viral type I IFNs (IFNα/β/γ) and IFN-inducible genes through IRF3 (57) . In one of the recent studies, TLR4 activity was found significantly associated with tumor differentiation grade and lymph node metastasis in esophageal squamous cell carcinoma (62) . Thus, TLR-related pathways are definitely attractive therapeutic targets which we need to investigate profoundly in relation to effective HCC treatment.
Other important gene families
Up-regulated expression of transforming growth factor (TGF)-β1 is associated with the risk of HCC. To identify if TCGA data represent the HCC subgroup triggered by up-regulation of TGF-β1, a list of more than 300 genes that participate in TGF-β signaling pathway was prepared from different sources including wikipathway. Then, expression of these genes was evaluated from TCGA gene expression data (Supplementary file 6). Only few genes were found differentially expressed significantly in HCC compared to controls ( Table 4) . Out of 267 genes, 7 were over-expressed and 6 were under-expressed in case of HCC, suggesting that the TCGA data may not represent TGF-β1 induced HCC cohort significantly. Further, genes associated with drug metabolism and cancer metabolism and those that belong to kinetochore and centromere families were sorted (Supplementary file 4). Out of 286 drug metabolism associated genes, only 21 were differentially expressed. Ten genes were significantly up-regulated (logf2c >2) and 11 genes were down-regulated (logf2c <-2) in HCC compared to control samples. Similarly, 5 of 17 cancer metabolism associated genes were differentially expressed (4 up-and 1 downregulated) in HCC. On the other hand, 11 of 18 genes of kinetochore and centromere families were over-expressed in HCC (Supplementary file 4) . Table 4 List of up-regulated TGF-beta pathway associated genes in hepatocellular carcinoma. Out of more than 300 TGF-beta pathway associated genes, only a fraction of genes were significantly up-regulated indicating that TCGA data may not represent TGF-beta induced HCC. Also, TGF-β1 was up-regulated in only 23 of 373 tumor samples (6.16%) 
TGF-beta genes
Identification of HCC classifiers
All the differentially expressed genes were used to train the supervised model. The model was based on random forest which can efficiently separate two different populations (in our case, HCC and controls) using expression values of top predictor genes ( Table 5 ). The model was trained after rigorous gene selection procedure based on random splitting of expression matrix in which minority samples were inflated according to SMOTE approach (13). Selection of top predictor genes was based on random forest variable importance estimation. The genes that appeared frequently in 100 iterations and scored maximum importance values were chosen as top predictors. A receiver operating characteristic (ROC) estimated the AUC value at almost 1. The top 4 predictors (ANGPTL6, GABRD, ADAMTS13 and VIPR1) appeared in most of the iterations. ANGPTL6 gene encodes for a secreted protein, angiopoietin like 6 and has been correlated with obesity, energy expenditure and diabetes (63, 64) ; however, no studies in relation to any type of cancers have been reported. GABRD gene encodes for gamma-aminobutyric acid type A a receptor delta subunit and was found over-expressed in 89% of HCC samples in this study. It was associated with functional changes in the GABAA receptor which might be essential for tumor cell differentiation (65) . ADAMTS13 gene encodes for ADAM metallopeptidase with thrombospondin type 1 motif 13 protein.
It controls von Willebrand factor (VWF) fiber formation that plays a prominent role in the cancer development (66, 67) . VIPR2 gene encodes for vasoactive intestinal peptide receptor 1 which is a cytokine and neuropeptide and has been positively correlated with immune responses (68) . An important identifier was PLVAP gene. An expression study in paired tumor and adjacent non-tumor tissues has shown that PLVAP protein was expressed only in vascular endothelial cells of HCC but not in non-tumor liver tissues and suggested it as a potential target for treating HCC (69) . Though these classifiers were predicted with rigorous dataset training and worked aptly in our case, there is a need to apply them cautiously on data other than TCGA by considering the fact that HCC data used to predict classifiers were highly heterogeneous and influenced by several varying factors including HCV, HBV, alcoholism, etc.
Identification of HCC subtypes and their features
The expression studies usually compare disease data with corresponding controls to recognize signaling pathways common to all disease samples, without considering the fact that there might be a robust heterogeneity among the disease samples and thus associated with different unique pathways. Classification of samples into disease subtypes can reduce that issue. To achieve the goal of precision medicine, it is quite important to classify patients into highly similar sub-groups to ascertain that patients would respond to a specific therapy in a similar way. Deciphering the similar genetic patterns among patient pools is thus crucial for potential and specific personalized therapeutics. There are several clustering methods available to predict subtypes. We have applied consensus clustering method based on unsupervised hierarchical clustering with Pearson correlation. Each subtype predicted attained a final cluster after going through bootstrapping (n = 2000). This method generates output for given number of subtypes (k = 1 to n) and final specific k subtypes were selected based on various statistical parameters, such as silhouette width, cumulative distribution function and the heat map plot showing minimum overlap between square blocks and coloring of the blocks (the deeper is the blue color of square block, the better the clustering is considered). Silhouette width analysis of HCC expression data estimated highest silhouette width for k = 4 ( Figure 8 ). The heat map generated through stratification of HCC patients based on gene expression data using consensus unsupervised clustering method predicted four distinct subtypes, represented as HCC subtypes A, B, C, and D (Figure 9 ). The four perfect squared blue blocks of different sizes, representing four different HCC subtypes, accommodated all of the 373 HCC patient samples (Supplementary file 7) . The top genes belonging to each HCC subtype were extracted and pathway enrichment and survival analysis was performed (Supplementary file 9). The common gene sets were also listed and sorted in descending order of F-statistics (Supplementary file 8). T-box transcription factor TBX 3 (TBX3), which was the top common candidate, has been previously reported to be associated with TGF-β signaling, angiogenesis and cancer growth (70, 71) . Enrichment analysis of top genes of all four predicted HCC subtypes showed enrichment of different and specific pathway terms for each subtypes ( Figure 10; Supplementary file 9 ). In particular, HCC subtype A did not share any biological pathway with any of the other subtypes. Survival analysis was performed over the clinical data linked with these subtypes using coxph model and alive/ dead events were associated with each HCC subtype. Overall median survival was predicted in days for each subtype and it was found that patients categorized to subtype D have higher chance of survival ( Figure 11 ).
As mentioned above, HCC subtype A was completely distinct from other subtypes. Pathway enrichment analysis of the top genes of subtype A showed a complete separation from others. Overall, 102 pathways were enriched and dominated by cancer-and immune-related pathways. More specifically, 11 kinases related genes (PDGFRA, MAP2K3, WEE1, PLK3, MAP2K1, LRRK2, PRKCB, TEK, PDK4, AXL and SGK1) were associated. Investigation of these pathways and associated genes may possibly help us to target and find specific treatment strategies for the HCC subtype A patients.
In the case of HCC subtype B, 20 pathways were enriched, predominantly Wnt and β-catenin related pathways. Degradation of β-catenin by the destruction complex, binding of TCF/LEF: CTNNB1 to target gene promoters and repression of Wnt target genes are among the pathway terms found enriched in this subtype. Hence, targeting Wnt/β-catenin signaling pathway might be the most attractive target for finding potent treatment of HCC subtype B patients.
In HCC subtype C, 52 pathways were enriched. It is important to note that these included mainly drug metabolism and oxidation pathways associated with a number of genes, including UGT2B10, GSTM2, UGT1A1, GSTO2, ADH1C, ADH1B, ACSM1, GLYAT, CYP3A4, CYP8B1,CYP39A1, GSTZ1, ADH4, CYP2A6, CYP2C8, NAT2, CYP11A1, UGT1A4, UGT1A3 and UGT2B7. Any disturbance in expression of these genes may affect the clearance of the drug and/or may be responsible for undesirable side effects as well as drug toxicity. Another important category of pathways enriched was PI3K pathways, including PI3K cascade, PI3K/AKT signaling in cancer and negative regulation of PI3K/AKT network. Associated genes were FGF2, FGFR2 and FGFR3. A recent study has suggested that PI3K and RAS signaling pathways are the two most important pathways in cancers of the head and neck, lung and kidney (72) . In many cancers, PI3K pathway associated genes and proteins have been widely investigated as therapeutic targets (73) . Thus, achieving proper regulation of these genes would be essential for efficient treatment of HCC subtype C patients.
A total of 31 pathways were enriched in HCC subtype D. "Interleukin-19, 20, 22, 24" was one of the important pathways and its associated gene was interleukin-34 (IL-34). IL-34 is a known ligand which binds to colony-stimulating factor-1 receptor (CSF-1R) and enhances monocytes and macrophages survival. Recently, IL-34 over-expression had been shown in the sera of HCV patients with advanced liver fibrosis (74) . Also, IL-34 expression levels in HCC were linked with overall survival and tumor recurrence rates (75) . Another important pathway was PI3K cascade associated with kinase gene PRKAA2 (AMPK Subunit Alpha-2). It controls the levels of α-ketoglutarate and isocitrate dehydrogenase enzyme production, and stabilizes HIF-1 alpha and neutrophil survival in order to support the tumor progression. Interestingly, one of the dominant pathways enriched was biological oxidation. Important gene associated with this pathway was NNMT (Nicotinamide N-Methyltransferase) which encodes for an enzyme associated with kidney cancer and Parkinson disease. It has known implications of sinking the methylation potential of cancer cells (76) . Consequently, NNMT-expressing cancer cells alter an epigenetic state in such a way that histones and other cancer-related proteins underwent hypomethylation. It has been reported that patients with over-expressed NNMT have a smaller overall survival (p = 0.053) and a shorter disease-free survival (p = 0.016) (77) . Thus, these pathways and associated genes can be investigated to find improved therapeutics for HCC subtype D patients.
Conclusions
In conclusion, this study presents comprehensive analysis of HCC transcriptomics data retrieved from TCGA. The gene sorting based on the expression and associated clinical information has exposed a number of interesting genes that can be exploited in future for diagnostic purposes as well as for improved and specific HCC therapy. The top ranked genes, specifically those associated with kinases, cancer-and immune-related pathways, can serve as potential diagnostic as well as prognostic markers of HCC. The mRNA based classifiers have clearly separated all the HCC samples from controls; however, further validation is required as classifiers were trained on a single source data, TCGA. This can be achieved by testing classifiers on the other independent datasets. Four HCC subtypes (designated here as A, B, C, D) were identified using classifier genes. The HCC subtype A was unexpectedly distinct which was dominantly enriched with kinases and the pathways enriched among top genes were surprisingly all unique. On the other hand, patients of subtype D have a higher probability of survival according to clinical data. Overall, this study identifies heterogeneity among HCC samples and suggests subtype specific therapeutic targets. This study can be advanced to epigenetic regulation analysis, which will strengthen these findings in search of potential early stage markers as well as patient/subtype specific therapeutics for HCC.
